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Hold-out validation

num_validation_samples = 10000 Shuffling the data is

np.random.shuffle(data) «

usually appropriate.

Defines the

validation data = data[:num_validation samples] <——

data = data[num_validation_samples:]

validation set

Defines the

training_data = datal[:] <71 | training set

model = get model()
model.train(training data)

# At this point you can tune your model,

# retrain it, evaluate it, tune it again...
model = get model()
model.train(np.concatenate(

[training data,validation_data]))

test score = model.evaluate(test data)

Prepared by Kazim Fouladi | Spring 2021 | 2 Edition

K%

validation_score = model.evaluate(validation_data) | it on the validation data

Trains a model on the
training data, and evaluates

Once you’ve tuned your
hyperparameters, it’s common to
train your final model from
scratch on all non-test data
available.
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K-fold cross validation

k =4
num_validation_samples = len(data) // k

np.random.shuffle(data)

validation scores = []

for fold in range(k): Selects the validation data
validation_data = data[num_validation_samples * fold: partition

num_validation samples * (fold + 1)]
training data = data[:num_validation _samples * fold] +
data[num_validation_samples * (fold + 1):] <—

Uses the remainder of the
data as training data. Note
model = get model() that the + operator is list

model.train(training_data) concatenation, not summation.
validation_score = model.evaluate(validation_data)

validation scores.append(validation_score)

Creates a brand-new instance
of the model (untrained)

validation score = np.average(validation scores) <—

Validation score: average of the
validation scores of the k folds

model = get model()
model.train(data)
test _score = model.evaluate(test data)

K%

Trains the final model on all
non-test data available
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Original model (the movie-review classification network)

from keras import models

from keras import layers

model = models.Sequential()

model.add(layers.Dense(16, activation='relu', input_shape=(10000, )))
model.add(layers.Dense(16, activation='relu'))
model.add(layers.Dense(1l, activation='sigmoid'))

Version of the model with lower capacity

model = models.Sequential()

model.add(layers.Dense(4, activation='relu', input_shape=(10000, )))
model.add(layers.Dense(4, activation='relu'))
model.add(layers.Dense(1l, activation="'sigmoid'))
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Original model (the movie-review classification network)

from keras import models

from keras import layers

model = models.Sequential()

model.add(layers.Dense(16, activation='relu', input_shape=(10000, )))
model.add(layers.Dense(16, activation='relu'))
model.add(layers.Dense(1l, activation='sigmoid'))

Version of the model with higher capacity

model = models.Sequential()

model.add(layers.Dense(512, activation='relu', input shape=(10000,)))
model.add(layers.Dense(512, activation='relu'))
model.add(layers.Dense(1l, activation="'sigmoid'))
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Valhdation loss

Effect of model capacity on validation loss: trying a bigger model
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ADDING WEIGHT REGULARIZATION
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Regularization: Add term to loss

L=+>" %, max(0, f(zi; W); — f(:; W)y, + 1) +AR(W)

In common use:

L2 regularization  B(W) =22, Wy, (Weight decay)
L1 regularization R(W) = 321 2.1 [Wiy

Elastic net (L1 + L2) R(W) =3, >, W, + Wi
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In Keras, weight regularization is added
by passing weight regularizer instances to layers as keyword arguments.

Let’s add L2 weight regularization to the movie-review classification network.

Adding L2 weight regularization to the model

from keras import regularizers

model = models.Sequential()

model.add(layers.Dense(16, kernel regularizer=regularizers.12(0.001),
activation='relu', input shape=(10000, )))

model.add(layers.Dense(16, kernel regularizer=regularizers.12(0.001),
activation='relu'))

model.add(layers.Dense(1, activation='sigmoid'))

12(0.001) means every coefficient in the weight matrix of the layer
will add 0.001 * weight coefficient_value to the total loss of the network.
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As an alternative to L2 regularization,
you can use one of the following Keras weight regularizers.

Different weight regularizers available in Keras

from keras import regularizers
regularizers.11(0.001) # L1 regularization
regularizers.11 12(11=0.001, 12=0.001) # Simultaneous L1 and L2 regularization
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ADDING DROPOUT
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Regularization: Dropout

In each forward pass, randomly set some neurons to zero
Probability of dropping is a hyperparameter; 0.5 is common

Ref: http://cs231n.stanford.edu/



Regularization: Dropout

How can this possibly be a good idea?

Forces the network to have a redundant representation;
Prevents co-adaptation of features

has an ear

has a talil +—§

is furry —X—_ cat
" score

has claws +/
mischievous

look

T

Ref: http://cs231n.stanford.edu/



Regularization: Dropout

How can this possibly be a good idea?

Ref: http://cs231n.stanford.edu/

Another interpretation:

Dropout is training a large ensemble of
models (that share parameters).

Each binary mask is one model

An FC layer with 4096 units has
24096 ~ 1072%° possible masks!
Only ~ 10%% atoms in the universe...



Dropout: Test time

Output Input
(label) (image)
Dropout makes our output random! | y|= fw(galz) Rﬁqnadsim

Want to “average out” the randomness at test-time
y=1@) = B.[f(@.2)] = [ p)f(z,2)a:

But this integral seems hard ...

Ref: http://cs231n.stanford.edu/



Dropout: Test time

Want to approximate
the integral

Consider a single neuron.

At test time we have: E[a] = W1T + W2y

During training we have: g4 :i(wlm +way) + i('wlx + 0y)

1 |
- Z(O’)" + 0y) + z(OT + way)

At test time, multiply !
by dropout probability =5 (w1 +w2y)

Ref: http://cs231n.stanford.edu/



Dropout: Test time

def predict(X):

H1 = np.maximum(©, np.dot(Wl, X) + bl) * p
H2 = np.maximum(©, np.dot(W2, H1) + b2) * p
out = np.dot(W3, H2) + b3

At test time all neurons are active always
=> \We must scale the activations so that for each neuron:
output at test time = expected output at training time

Ref: http://cs231n.stanford.edu/
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Consider a Numpy matrix containing the output of a layer, layer output,
of shape (batch size, features).
At training time, we zero out at random a fraction of the values in the matrix:

layer output *= np.random.randint(@, high=2, size=layer output.shape)
# At training time, drops out 50% of the units in the output

At test time, we scale down the output by the dropout rate. Here, we scale by 0.5
(because we previously dropped half the units):

layer_output *= 0.5 # At test time

o
-
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Note that this process can be implemented by doing both operations at training time and leaving
the output unchanged at test time, which is often the way it’s implemented in practice:

layer_output *= np.random.randint(@, high=2, size=layer output.shape)

layer output /= 0.5

# At training time

# Note that we’re scaling up rather scaling down in this case.

03[02|15]|00 0002|1500
50%
0.6 01]00|03| dropout |06 [0.1[00 |03
-
02190312 0019|0300
07]05|1.0]00 0.70.0|0.0 |00

*2

Dropout applied to an activation matrix at training time,

&
&

with rescaling happening during training.
At test time, the activation matrix is unchanged.
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In Keras, you can introduce dropout in a network via the Dropout layer,

which is applied to the output of the layer right before it

model.add(layers.Dropout(0.5))

model

model

Prepared by Kazim Fouladi | Spring 2021 | 2 Edition
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model.
model.

Let’s add two Dropout layers in the IMDB network
to see how well they do at reducing overfitting.

Adding dropout to the IMDB network

= models.Sequential()

add(layers
add(layers

.add(layers
model.
model.

add(layers
add(layers

.Dense(16, activation='relu', input_shape=(10000,)))
.Dropout(0.5))

.Dense (16, activation='relu'))

.Dropout(0.5))

.Dense(1l, activation='sigmoid'))
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RECAP: TO PREVENT OVERFITTING IN NEURAL NETWORKS
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THE UNIVERSAL WORKFLOW OF MACHINE LLEARNING
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Developing a model that does better than a baseline

Scaling up: developing a model that overfits
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Regularizing the model and tuning your hyperparameters
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CHOOSING A MEASURE OF SUCCESS

Choosing a measure of success
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DECIDING ON AN EVALUATION PROTOCOL
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Deciding on an evaluation protocol
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Preparing the data
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PREPARING THE DATA
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Developing a model that does better than a baseline

& el (g kel @ u8 gl ls Jae Sabel & yud
caal Solad guly Jao SO ulo a4 uls Statistical Power

el 0.5 = V2 w30 gl IS gu gaidiubs (gl (5] Salad Gl Jao : JBs gl
o 1/ 30 g s IS sundiab (gl (sl ol Gl Jao

iy (Sae ddinad (gl eyu8 b dae 4 sl
3ol a g 9 58909 slasaly Lo adiia GT Lo € i sy wly S 0al Bl ol G el (Ses
0 EL el (S gaals [l il asa ) bl olis 58 el (S b



va

Prepared by Kazim Fouladi | Spring 2021 | 2 Edition

il o Sal s sl S s S

G (5 Sl

Lasialol i€ oo 40l Jao o 51 i 4S Jao S (s 55

sl olus 58 Go g cwu 0258 L
1S (g S anaial o sa (LIS Jae Gl ol (il (s (sl AT 4w s 50 0 Wb

N : E .1 Ve !

(- T suSabs £ s dladings alu, oS Sludings guin Sy O SIS Jas Gl

Lol 3 pa g e B8 ga (sla sl (510 pafie (s luwdings Sl sl s (BT LB Ol G e 5 L
Lol 8 g s A Al S 4 Bl pe Hline S a5l (PlaT el s sl se (A s o
il lae L8 Lasals 51 S5 S (s S gl s b BB B
il wlas S as dba® S gl s (Sa wl SN B
S ol Ui L8l e w355 Lo T 5 ol B bl i e by 31 s
s i ROC AUC lxa Jiin col]
[ oo suliil ol o 5557 aiile O (souislad (sla)lins 51 (guisaluls Jiliwo 5o (yae 5l

* 0

7Y



Prepared by Kazim Fouladi | Spring 2021 | 2 Edition

il (5 Sl 3 pala IS S

L,
’U};b/

58U S Jilie (5)5s N b5 5 callad s CLaT i€ Jae Gl Juo & 3l 3 <€ Jue K sta 53

Problem type

Binary classification

Multiclass, single-label classification
Multiclass, multilabel classification
Regression to arbitrary values

Regression to values between O and 1

Last-layer activation
sigmoid
softmax
sigmoid
None

sigmoid

Loss function

binary_ crossentropy
categorical_crossentropy
binary crossentropy

mse

mse Of binary_ crossentropy
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SCALING UP: DEVELOPING A MODEL THAT OVERFITS
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Scaling up: developing a model that overfits

6JJ.JI:L;.OCJLA&.&UJQQ.{‘(CAM‘GJLATCAJJBG‘J‘J‘{Se:h.\:\..t..UJLr’J.A‘L\Ls:\BJ
¢ Cauul whos yud SIS (g0 5ladlds Jao Ol Lsi

col adasend 5 550 s Sudle s Sals Hu el (3K03S
13 0uSs SIS )y s 5 () paS Glie e 5o o oSl (Jae (Jloasl Jas
i s i BaS s 50
S K OISl Il 55 (ol (oS oy sl

.a_t_\s.: SA@LA“JMQY O ¢‘>lf:sd‘)\9.odd.a£;§‘)be",.\_\a_\** *6{).}
S e SE I, ey O slea S o S ol Jdus wls
oS e 1SS (st slasy) b 1 (25 seTails O 1o 5| st

.HJ#J‘\}BCAJU&.}M‘JWJ‘%SL‘J@L\}JATGL&bJ‘AGJJJm‘



Prepared by Kazim Fouladi | Spring 2021 | 2 Edition

il o Sal s sl S s S
La el sl sola aalsss 5 Jao ¢ sl 50 0¥ S
REGULARIZING THE MODEL AND TUNING YOUR HYPERPARAMETERS

L2 ol jla sl palis 9 Juse () gaeal 33 5¥ 95

Regularizing the model and tuning your hyperparameters
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¢ Define the problem at hand and the data on which you’ll train.
Collect this data, or annotate 1t with labels if need be.

¢ Choose how you’ll measure success on your problem.
Which metrics will you monitor on your validation data?

% Determine your evaluation protocol: hold-out validation? K-fold validation?
Which portion of the data should you use for validation?

¢ Develop a first model that does better than a basic baseline:
a model with statistical power.

¢ Develop a model that overfits.

¢ Regularize your model and tune its hyperparameters, based on performance on the
validation data. A lot of machine-learning research tends to focus only on this
step—but keep the big picture in mind.
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Deep Learning

Francois Chollet,
Deep Learning with Python,
Manning Publications, 2018.

Chapter 4
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This chapter covers

Forms of machine learning beyond classification

and regression

Formal evaluation proecedures for machine-

leaming models

Preparing data for deep learning
Feature engineenng

Tackling overfitting

The universal workflow for approaching machine-

leaming problems

After the three practical examples in chapter 3, you should be starting wo feel famil-
iar with how to approach classification and regression problems using neural net-
works, and you've witnessed the central problem of machine learning: overfitting.
This chapter will formalize some of your new intuition into a solid conceptual
framework for attacking and solving deeplearning problems. We'll consolidate all
of these concepts—model evaluation, data preprocessing and feature engineering,
and tackling overfiing—into a detailed sevenstep workflow for tackling any

machinelearning rask.

Fundamentals of
machine Zeammg




